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What are the impacts of climate change on...
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What are the impacts of climate change on...

Projected Impacts of Climate Change in Korea

30% loss of arable land in coastal swamp and lowland

Partial desertification of arable land

Decreased production of 15~60% rice due to high sterilizing percentage

Decreasing temperate zone fruit /vegetable and increasing subtropical zone fruit/vegetable
Increase in damage due to flood and storm

Rising concern over coastal infrastructure collapse due to sea level rise

Rising concern over collapse of reservoir water facility due to increasing precipitation

Continuous shifts of the fittest arable land due to changes of the fittest land for rice, fruit, and
vegetable

Decrease in reproduction, weight gain, and livestock products due to high heat

Increase in high-temperature disease and insect pest and increase of pests reproduction pace

Increasing chances of soil erosion during the summer & reducing fertilizer components

Rising chances of livestock disease and infectious diseases

Decrease in water resources available for inland & mountainous area increasing draught
damages due to rising amount of evaporation

Source: IPCC 2014




What we are doing... e.g.,

APCC, KRC, and others collaborate to adapt to climate change!

el I
UL - AP @ M| |
E

“ﬂ) vl v}(ﬂg

Dr. Jung, CEO of KRC is talking about
Advanced Reaction & Adaption to climate change!

» Project planning office: Climate Change
Counterpart
- Diversification of the ways for Water supply
o Irrigation facility enhancement L e (e
> Water management automation system (ICT)

- Scientific Investigation of actual conditions, impacts, and
vulnerabilities of climate change

Supervision Cooperation Fund
[

or
Construction of Karian Multipurposggii

» Suggested Slogan:

ble, Safe, Sustainable water supply for agricultural system”




General framework of climate change impact assessments

( General circulation models
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reanalysis data ) ,

RCMs modeling

Dynamical
downscaling

Statistical
Downscaling

eather generator

M, GM, DQM, QDM

BCSD, BCCA, BCSA

Evaluation of
'ONclimate information

Simple average

Applications
Multi-model combination

[ I |

l Management modeling

The impact assessment ydrological modeling

Crop modeling

200~300km resolution

dﬂﬁ:- p =
/_,.L..

Dmﬂdﬂhlwm’:]f?
__;M res. ,ﬁf; Climate
.- ~ I
= ? models
. Downscaling
Impact
models
Agricultural
- factors

SRR

Water,

Land use,
Cropping,
Vegetation,
Soil,
Topography



Climate Change Impact Assessment
using future climate information

0. forecasting

¢ Future Scenarios (SSP2, RCP) )
A—

r GCMs (e.g., CESM) A

1. Required data collection

, Obs. Data collection
k (Baseline) )
- Maurer’s data (2002)
— APHRODITE
— PERCIANN-CDR

- gridded data interpolated using ASOS
- other reanalysis data?

Dynamical
Downscaling
(WRF)

Statistical
Downscaling

RCM modeling

30km resolution

Data mining
Analysis

SQM, Qm, bQM, QDM

ASOS data

- 90th percentile of rainday amounts

Bias correctior{ 2. Optional post-processes
: (if required)
- Greatest 5-day total rainfall

= - Max no. consecutive dry days

. - Hourly rainfall intensity (max/ayerage)
Evaluation of
climate information

- Drought index

- etc.

Gridded vs. station-based da

Applications

| Future flood and drought l VS. I Current flood and drought l

_ Climate change impact assessment




Point #1 What GCMs look like?

Constraints of

resolution

Horizontal Grid

(Latitude-Longitude)
General circulation
model (GCM) Vertical Grid

(Height or Pressure) |

Grid configuration L :
Typical grid size is 100km, Physical Processes in a Model
many processes (e. g., clouds) radianon Tadonon

cannot be simulated explicitly

PROGRESSION OF CLIMATE MODELS
1990s Present day
270 % 270km

135 x 135km

38 levels in
& atmosphere

= 19 levels in
atmosphere

b el
-

1.0x1.0°

20 levels
. Inocean

1.26 x 1.25°

SOURCE: Hadley Centre




Point #2.1 Change in average surface temperature

RCP8S: 2016-2035 RCP85: 2081-2100

Constraints of
Uncertainty

How to make it useful? S - RcPoo: 2001210

For actionable science in practice
Need to Embrace Uncertainty!!

Present

Multiple Futures

http://www.wucaonline.org/html/

BT T 7 T T T (C)
-2-15-1050051152 3 4 5 7 9 11

What IS the r0|e Of downscal I ng In * Stippling (dots) indi_cates regio_ns Y\{herg the projected change is large
i nty Of futu re |nf0rmat|0n? compared to natural internal variability (i.e., greater than two standard

deviations of internal variability in 20-year means) and where 90% &f 3

the models agree on the sign of change. / ¢ : ! .t
: : i,
*Source: IPCC, 2014, Climate Change -Synthesis report - 3 Z ﬁ"’

Korea Meteorological Administration, 2013, Climate Change -Sci€nti aSiSﬁCC




Point #2.2 Potential uncertainty by each process

Constraints of

. Mid-1960s  Mid 1970s-1980s 1990s Present Day 2000-2010
Uncertainty

Atmosphere/ Atrmaospheres Afrnosphere/
Afmosphere/ Land Surface/ Land Surface/ Land Surface!
Land Surface i i i

Are we making progress or just
increasing the uncertainty?

Atmospheres
Land Surface/

Sulfate ) ( Sulfate ) Sulfate
Aerasol
@ Database: 1. Retrospective (e.g., baseline) GCM predictions/ reanalysis data Aerosol Aerosol
@ atabase: - 5 Future (e.g., 2050-2100) GCM projections in accordance with greenhouse gas emission scenarios Carbon Carbon Carbon
sub-daily data (e.g., 3hr or 6hr time scale) daily climate data OB"Ide Clh'fde Cvde
Dust'sea Dustisea
Dynamical downscaling Statistical dopnscaling Delta method Spray/Carhon Spray/Cartan
@@ Aprosols Aerosols
e N . = 5
'\Bm.\--(-mm tion ) Temporal aggregation Temporal aggregation Interactive Interactive
i Time-slice i i
D v GCM Momhly/s%sonal data if necessary, Vegetation Vegetation
Regional Climate chamiiksen 3 - Monthly/seasonal data : : ] .
models (RCMs) ( Bias-correction ) Biogeachemical Bingeochemical
L @ Cycles Zyeles
¢ (3 ¢ Differences between results
3 ’ Spatial Downscaling ‘ from data 1, 2 lce Sheet
Temporal aggregation ‘ 3 +
@ @ | @ ¢ Historical observation /
s . i i climatology
( Bias—correction /\ ’ Temporal disaggregation l 2y
A 4 ) 4 A 4
Downsacled products at spatiotemporal resolution of interests /
Application efforts ! 016) Uis ety sounces: (3) Diverse methodology
Agricultural, Hydrological, or economical model—‘ @ E::ltt;l::I i‘:ﬁ?:g:ﬁf & (4) Measurement errors
= - Y 3) Local impacts and (Hwang and Kang, 2013)
Climate change impact assessment (2) Climate model science adaptation response
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Differences of GCMs

At the local scale additional uncertainties in
GCM predictions due to:

Point #3 What GCMs look like?

Land-sea mask for BOMZ Land-sea mask for MIHR Land-sea mask for HADCM3

Poor resolution - Korea may not
even be modeled in some GCMs;
greater errors at smaller scales

Alternative downscaling

methodologies produce additional e e g g
uncertainty Land/séa coverage & topography
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Point #4

Different A variety of methods to use for application
methodologies
GCMs Future climate info. Downscaling

methodologies Spatlally detailed climate info.

(AR5, RCP scenario)

- PCMDI (CMIP5) - BCSD, BCCA, SDBC, BCSA,

etc.

GCM evaluation Screening Selecting

Screening GCM »  Model weighting Method selection intercomparison

e  Physical probability « Statistical estimation

« Global scale « Regional/local scale
Climatology Extreme, diurnal cycle
Purpose: Purpose:




Standard deviation

obsGCM-monthly mean-pr
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Point #4.1

Different
methodologies

1. ACCESS1-0-vsMaur

2. BCC-CSM-vsMaur

3. BNU-ESM-v sMaur

4. CMCC-CESM-vsMaur
5. CSIRO-mk3-6-0-v sMafir
6. CanESM2-v sMaur
7. FGOAL-g2-v sMaur
8. GFDL-CM3-P-v's
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How GCMs work?

1-CGCM3-v sMaur / o
OrESM1-M-v sMaur ! ~

-0.95

Performance evaluation

at different resolution
with different observation
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GCM skill evaluation

Point #4.2

Tmin

tasmax

ax

tasmin

Wind spped

wind

rank

Different observations

1 Maurer’s data (Maurer et al.,

2 NLDAS data
3 USGS data

2002)

n . 4 Reanalysis data? ) ]
S 2 Different metrics
2 . Different resolutions 1 RMSE
g j 1 each GCM scale 2. Correlation
w , 2. 0.5’X0.5’ 3. Others?
g 0 3.1.0°X1.0’
P 4. etc.
o .
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Climate model genealogy:

Point #5 e
Generation CMIP5 and how

(Masson and Knutti, 2011) Hierarchical clustering of
the CMIP3 models for (left) surface temperature and
(right) precipitation in the model control state. Models
from the same institution and models sharing versions
of the same atmospheric model are shown in the
same color. Observations also are marked by the same
color. Models without obvious relationships are shown

ChiIP2

CMIP3
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and A. Gettelman, 2013
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Point #6

Constraints of separation of the flow

Radiative

y'e -pn
rorcing

Greenhouse gas
concentrations

Cryosphere
interactions

Climate
impacts

Appliaction

i A

-

Seamless prediction (paimer, 2008)

Download CMIP5 data

CMIPS DB

Clipping on your area

(Global, NC)

' CMIPS DB
= (National, NC)

Extracting point values

National CMIP5 Data (ADSS) [ ™ * ==
&=

& Other 17 member
economies (2017)

User input
(Observed

| CMIPS DB

(Station, ASCIT)

Bias correction

./

Too!s and Software (remip5)

Adaptation &
Mitigation models

Seil & Water SWAT
Assessment Tool

APE¥ |

APSTM

next generation

03 DSSAT

Exposure

weather station
data)

-

Impact & Vulnerability
Assessment

Sensitivity

Adaptive

Potential

impact capacity

Vulnerability

*

BE= & Developed
Countries




Point #7

Constraints of limited data that we have been observed/generated

Gridded observation data

period variable res. coverage reference
recipitation, tmax, tmin,
Maurer” s data 1950-1999 precip _ 0.50° X 0.50° global Maurer et al., 2002
surfwind
APHRODITE 1950-2007 precipitation 0.25° X0.25° Asia Yatagai et al., 2012
PERCIANN-CDR 1983-2015 precipitation 0.25° X 0.25° global Ashouri et al., 2015

Spatial distributions of mean and standard deviation of daily observation data for precipitation

Gobs-PERSIANN-Precip: mean

Gobs-Maurer-Precip: mean

Gobs-APHRO-Precip025: mean

45

=Y
[=]
latitude
latitude

latitude

()
o

30
115 120 125 130 135 140 115 120 125 130 135 140
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Gobs-PERSIANN-Precip: std

Gobs-APHRO-Precip025: std Gobs-Maurer-Precip: std
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What is Downscaling?




Objective of Downscaling

Downscaling: obtaining subgrid-scale
information from coarser resolution fields

Climate model downscaling “Bridges mismatch” of spatial scale between

the scale of global climate models and the resolution needed for impacts
assessments

Climate model downscaling “bridges the gap” between what is provided by

global climate modelers and what is needed by decision-makers and
impact assessors

What high res. is useful for coupling climate models to other models
that require high resolution!

In certain specific contexts, provides insights on realistic climate
response to high resolution forcing (e.g. mountains)




The ‘Mismatch’ of Scale Issue

»  “Most GCMs neither incorporate nor provide information on scales smaller than a
few hundred kilometers. The effective size or scale of the ecosystem on which
climatic impacts actually occur is usually much smaller than this. We are therefore
faced with the problem of estimating climate changes on a local scale from the
essentially large-scale results of a GCM.” Gates (1985)

»  “One major problem faced in applying GCM projections to regional impact
assessments is the coarse spatial scale of the estimates.” Carter et al. (1994)

»  “downscaling techniques are commonly used to address the scale mismatch
between coarse resolution GCMs ... and the local catchment scales required for ...
hydrologic modeling” Fowler and Wilby (2007)

»  “Motivation: Most of the population lives in areas having sharp climatic gradients:
along coastlines, lakes, mountains,...

These features are not resolved by global climate models,
for which grid cells are 100-200 km” John Walsh (2011)




Downscaling?

Weather Forecast Climate Forecast

Perfect-prog

— direct use of climate model output Dynamical downscaling
- regression
MOS (the model output statistics) statistical downscaling

oot

L resold 25)

GCM T 5 qegree®
7.0 2=

does not need to simulate the chaotic

\ RCM resolution+
e component of weather forecasting

le.8:

attempts to reproduce only the long-term
statistics of local conditions

It does require a robust record of
historical observation to permit calibration

Regional climate ~ at the local scale

Fine resolution change
(eg. 1 x 1 km) scenarios

Station \

Local climate
change

Winkler et al., 2011




Comparative summary of the relative merits of
statistical and dynamical downscaling techniques

» adapted from Wilby and Wigley, 1997

Statistical downscaling

Dynamical downscaling

Advantages

Disadvantages

e Comparatively cheap and computationally efficient

e Can provide point-scale climatic variables from
GCM-scale output

e Can be used to derive variables not available from
RCMs

e Easily transferable to other regions

e Based on standard and accepted statistical procedures
e Able to directly incorporate observations into method

e Require long and reliable observed historical data
series for calibration

e Dependent upon choice of predictors

e Non-stationarity in the predictor-predictand
relationship

e Climate system feedbacks not included

e Produces responses based on physically
consistent processes

e Produces finer resolution information from
GCM-scale output that can resolve atmospheric
processes on a smaller scale

e Computationally intensive

e Limited number of scenario ensembles
available

e Strongly dependent on GCM boundary
forcing

e Dependent on GCM boundary forcing; affected by biases in underlying GCM
e Domain size, climatic region and season affects downscaling skill




» Coarse resolution
» GCM outputs
» GCM+RCM outputs

SQM™m, QMm, bQm, QDM
weather generator
Regression

Weather typing

1 Statistical downscaling ; 5

» Fine resolution
» Station based info.

Ultimate goal of downscaling: statistically reproduce attributes of a climate variable

GCM future
information

Temporal Statistics
(Mean, Std., distribution,
Auto-correl., etc.)

spatial Statistics
None! (spatial correlation,
covariance, etc.)

spatial Pattern

| = =
Nonel (Local characteristics)

Downscaled distribution (future)

We can reproduce these statistical attributes
under assumption of stationarity!

?

But cannot determine the spatial pattern of
precipitation events on daily basis.

Generate plausible patterns and use
those as scenarios!




Statistical downscaling




Review of methods

«  Wilby and Wigley (1997) Downscaling general circulation model output: A review of methods and
limitations

. Fowler et al., (2007) Linking climate change modelling to impacts studies: recent advances
in downscaling techniques for hydrological modelling

. Wilby et al., (2004) Guidelines for use of climate scenarios developed from statistical downscaling
methods

. Wood et al., (2004) Hydrologic implications of dynamical and statistical approaches
to downscaling climate model outputs

. Schmidli et al., (2007) Statistical and dynamical downscaling of precipitation: An evaluation and

comparison of scenarios for the European Alps
»

4

The changes of

Classification « Delta method
. More sophisticated Statistical
Downscaling

. Dynamical downscaling

« Simple downscaling

o Delta

o More sophisticated method
« Statistical Downscaling
Dynamical downscaling




Statistical Approaches

» Simple techniques
- Adding coarse scale climate changes to higher resolution observations (the delta

approach)
- More sophisticated -interpolation of coarser resolution results (Maurer et al. 2002,
2007)

Bias—-correction method!
Bias-correction + Spatial disaggregation (Wood et al., 2002: interpolation)
Spatial disaggregation + Bias-correction
Bias-correction + Constructed analogue (Hidalgo et al., 2008)
(weather type analogue + regression)
Bias-correction + Stochastic Analogue (Hwang and Graham, 2013)
(weather generator concept) => generated library + bias-corrected daily GCM

Weather typing concept+ stochastic weather generator (Corte-Real et al.
(1999), Hwang and Graham, 2014)

» Statistical: Statistically relating large scale climate features (predictors) to local climate
(predictands)
- Weather Classification

> Regression Methods

\eather generator




1. Weather Generators

» Statistically reproduce attributes of a climate variable, e.g,
mean and variance, and usually used to produce time series
(e.g., daily) of a climate variable or sets of climate variables
(precipitation, temperature, solar radiation)

» Parameters of weather generator are then conditioned on
large scale predictors, such as the NAO or ENSO.

requirements:

« Long time series of dally weather which-may be E'not avallabl et
from observational records... oo Doy

 The ability to investigdte changes ln both the mean cllmate and
its inter-daily varlablllty' wesiher for Thurscy, Jo




2. Regression Methods

» Earliest efforts related a variable at coarse scale to same variable at local
scale (e.g., regional temperature used to estimate local temperature,
Wigley et al. 1990)

» More typical, multiple regression relating pressure, humidity fields to
local precipitation

» Common problem of underestimating variance of predictand

statistical re|ationships, based S D S M Statistical Downscaling Model
On mUltIple ||near regreSSIOn, HOME | REGISTER | EMAIL |

are developed between large-
scale predictors and local
predictands

SDSM

SDSM is a FREE decision support tool for assessing local climate
change impacts using a robust statistical downscaling technique.

INTERNATIONAL JOURNAL OF CLIMATOLOGY R M et S

Int. J. Climatol. 33: 17071719 (2013)

Published online 9 July 2012 in Wiley Online Library : .
(wileyonlinelibrary.com) DOI: 10.1002fjoc.3544 Royal Meteorological Society

The Statistical DownScaling Model: insights from one decade

of application
Multiple linear regression & stochastic weather generator
R. L. Wilby** and C. W. Dawson®
* Depa of Geography, Lought h University, Lei hire LE1] 3TU, UK
b Department of Computer Science, L borough University, Leic hire LE11 3TU, UK

ABSTRACT: The Statistical DownScaling Model (SDSM) is a freely available tool that produces high resolution climate
change scenarios. The first public version of the software was released in 2001 and since then there have been over 170
documented studics worldwide. This article the ini and technical evolution of SDSM, drawing




3. Weather Classification

» Relate weather classes or categorizations to local climate variable

o Discrete weather types are grouped according to cluster techniques

« Typical example is relating
different pressure patterns to

surface tem perature

« Assumes same weather
pattern in the future will be
associated with the same

local responses in the future

« Changes in frequency of types

1) NEW PATTERN AT COARSE-
RESOLUTION:

A new pattern obiained from a coarse
resclution source, but the corre;pondng
high-resolution (downscaled) pattem is

unknown

Patern Z .

Il DOWNSCALING THE PATTERN
(PROGNOSIS):

1) FITTING THE ANALOGUE (DIAGNOSIS):

A subset of patterns from a historical library is selected as
contribLtions 10 a construced analogue of Z_,, based on Al e .
kS inear combination of the predictor pamerns
spatial similarity evaluated_atd‘ue 2.5 x 2.5 degree produces a least squares (constructed) analogue
resahuton. of Z,, 3125 x 2.5 degree resolution
A

¢ \
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a 2 ! : togues 2
3 - +o ¥ F‘anhg..l n 'zmb@mr\
= Where A, ooues 1+ Aarsiogues 3 == Aanalogue: n 3T€ regressic
2 coefiiciens
z 2 .
= The downscaled pattern (P, ... Is obtained

by 2pplying the came regres<ion coefficients to
"o the high-resolution patterrs:
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P ot £ Tad ™ P amatocpatd 1L Aot 1.
The hgh-resolution patterns for the same days asthe  Auigues 2 Pamabogees 2 + - * Aumaiogies o * Panatogues n
coarse predictor patterns are also gathered

Schematic of the method of
grids to 1/8° x 1/8°

constructed analogues for downscaling reanlysis fields from 2.5° x 2.5°




A summary of the strength and weaknesses
of the main SD methods

software available

Method Strengths Weaknesses

Weather typing e Yields physically interpretable | ®  Requires additional task of

(e.g. analogue method. linkages to surface climate weather classification

hybrid approaches. e  Versatile (e.g.. can be applied | e Circulation-based schemes

fuzzy classification. self to surface climate. air quality. can be insensitive to future

organizing maps, flooding. erosion. etc.) climate forcing

Monte Carlo methods). | &  Compositing for analysis of e May not capture intra-type
extreme events variations in surface climate

Weather generators e Production of large ensembles | ¢  Arbitrary adjustment of

(e.g. Markov chains, for uncertainty analysis or parameters for future

stochastic models. spell long simulations for extremes climate

length methods, storm | e Spatial interpolation of model | ¢ Unanticipated effects to

arrival times, mixture parameters using landscape secondary variables of

modelling). e  (Can generate sub-daily changing precipitation
information parameters

Regression methods e Relatively straightforward to ¢  Poor representation of

(e.g. linear regression, apply observed variance

neural networks, e Employs full range of e May assume linearity and/or

canonical correlation available predictor variables normality of data

analysis. kriging). e ‘Off-the-shelf” solutions and e  Poor representation of

exframe events




Dynamical downscaling




WCRP

C&RDEX

. The CORDEX vision is to advance and coordinate the

e,

COordinated

Regional Climate

Downscaling

Experiment

CORDEX HOME
CORDEX East Asia ©

About CORDEX
Models
Evaluations
Projection
Download
Create Plot

News

Meeting
Publication
Contact

Relevant Sites

CORDEX East Asig ===

science and application of regional climate downscaling http://www.cordex.org/
through global partnerships.

e o cmimeee peeee -{CMs (in rotated coordinates):
RotPole (296.3; 61.0)

TLC (316.77; 32.80)

Nx=396

Ny=251

B) For non-rotated polar RCMs (in actual coordinates):

TLC (51.59; 50.50)
CNB (116.70; 61.90)
TRC (161.50: 50.31)
CWE (57 11; 25.72)
CPD (116.57; 34.40)
CEB (165.94: 25 56)
BLC (76.91; -0.10)
CSB (116.51; 6.90)
BRC (156.08; -0.24)

Ref: Description of the CORDEX
domains EAST ASIA CORDEX
{23/06/2015 version)

&r - Hidetaka Sasak - Meteorological Research Institute, Japan
CORDEX EAST ASIA

B hsasaki (at) mri-jma.go.jp

- Hyun-Suk Kang (SAT member) - Climate Research
Laboratory, Korea

B hyunskang (at) korea kr

- Ailikun - MAIRS-IPQ, China

B aili (at) mairs-essp.org

Coordinated Regional Climate Downscaling Elpl‘lﬁﬁ‘ﬂnl in East Asia

- Koji Dairaku, - National Research Institute for Earth Science
and Disaster Resilience, Japan

B dairaku (at) bosaigo jp

https://cordex-
e ea.Climate.go.kr/main/aboutCordexPage.do




CORDEX Basic stats - historical simulation & hindcast

» Spatial distribution of mean precipitation (1979~2005)
a) Gridded observation (APHRODITE, MAURER's, and PERSIANN)
b1) Historical simulation (ECMWEF reanalysis data))
B2) Historical simulation (NCEPDOE)

ot bt dasred P i mean

Deotes PERSLAN Procip. maan

¢) Hindcast (HadCEM2-AO-+RCMs) ) Ko e

RCMs: HadGEM3-RA, RegCM,
SNU-MMS5, SNU-WRF, YSU-
RSM

bl)

S ECNAT ERANT v bl gy -HBPOEME Rl sy prERAINT v phu oY BULABE. fean

pr-ERANT-srraduation-ReglM: maan oot E R T iy iS00 WERLF _ rroan

e igplee Wl iy
o S E PO g i MWL - s F-NCEP‘DQE-H-U-MH-T!U-ﬂEH freean

c

o <o 0 N A 00 b L bl b O E ML R rrvean

o MO E W o Db 1o 1SN0 WRF . o
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CORDEX

» Spatial distribution of standard deviation of daily precipitation (1979~2005)
a) Gridded observation (APHRODITE, MAURER's, and PERSIANN)
b1) Historical simulation (ECMWEF reanalysis data))
B2) Historical simulation (NCEPDOE)
¢) Hindcast (HadCEM2-AO-+RCMs) i} S armo T . ey ettt

E: : .
.
e ERAINT sl ustioes VELREM: wd

F"

RCMs: HadGEM3-RA, RegCM,
SNU-MMS5, SNU-WRF, YSU-
RSM

bD

- ECHWFERANT 4 bhus on-Hes GEMIRA: 2 pr-ERAN T-svalu sion-Ragl At atd Er-EHAN oy aluaicn-SNU-S5 wid

BT EPTOE srwahuation: Y BLLREM: sid

| w

c)

pof H R E NG A 0 ateria | HasG ERT-RA. sl

-
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CORDEX Extreme index

» Spatial distribution of 90t percentile of daily precipitation (1979~2005)
a) Gridded observation (APHRODITE, MAURER's, and PERSIANN)
b1) Historical simulation (ECMWEF reanalysis data))
B2) Historical simulation (NCEPDOE)
¢) Hindcast (HadCEM2-AO+RCMs)

RCMs: HadGEM3-RA, RegCM,
SNU-MMS5, SNU-WRF, YSU-
RSM

e O RN T vl ustion - G EMOSRA: Bip e EFARN T vt bty ni-RpC M. B pr-ERANT aanl ustion SN 300

.' .

-

’ e
RrRCEPCOE avaluation SegtM; Bp prMCEPDOE vl kuition-SHU-MMS: $0p

b
pr-Ha eHENE A D ik tewrieal -BMUWRF: 30p
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CORDEX Extreme index

» Spatial distribution of max5d(greatest 5-day total precipitation)
a) Gridded observation (APHRODITE, MAURER's, and PERSIANN)
b1) Historical simulation (ECMWEF reanalysis data))
B2) Historical simulation (NCEPDOE)
¢) Hindcast (HadCEM2-AO-+RCMs) . Gobe ARMOPcA2: sk . GuaaLinamoPristy: arzia

Gobs-PIRSUWHN-Precig massd

RCMs: HadGEM3-RA, RegCM,
SNU-MMS5, SNU-WRF, YSU-
RSM

e ELMWF ERAINT wrealustica-Had I EMI-RA: rmantd e ERAINT v st -RpC M- i B

-+

pradGE N2-AD-hnfor cal HaSGEM 3-RA: maxid

{
{



CORDEX Precipitation pattern

» Spatial distribution of CWDmax(maximum number of consecutive wet days

(>0.1mm/day))

» a) Gridded observation (APHRODITE, MAURER's, and PERSIANN)

b1) Historical simulation (ECMWF reanalysis data))

Gobs-APHRO-Prec il 5 CWDmax : Goka-PIRSLANK-Pracip; CWDmaz

- .}% e
T a

L

B2) Historical simulation (NCEPDOE)
c¢) Hindcast (HadCEM2-AO+RCMs)

por-E SRR - AN T sl uation SadGIMIAA; CWOma - ERAINT vt Re O M: CWmin

Lﬂ*"qﬁ- =,

ek
prHCEPDOE svalustion-RegM: CWlman

sl L&
e 1 |
-

=

pr-Had GEM - A0-hivtorss al-Had GEMI-RA- CWTmax oo E M el O et lRog Gl WD
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Internal effort for Regional climate modeling (South Kor.)
1979~2005

imaan of daity precip. [179=200%) ma-dsling domain
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Bias—-correction
Necessity!




Look at the Raw climate model outputs!

é ——e— Pobs. - ——&— P obs,
- raw_R1+MMS (68.6) =R |JTe——

8 37 raw_R2+RSM (15.1) .. ) 30 1 i::‘:;:::ﬂslgsg}

= = == = = raw_ERA10+RSM (10.8) . = N :

| m———— raw_20CR+RSM (34.5) 5 | mmmme raw_ERA40+RSM (2.6)

e ; I raw_20CR+RSM (-0%6f " ™,

= . s

g 2t w20 - ] :

z

= .

s in

£ 1} B

T &

o Q

[+ >

o <<

E 0 N , N N , N N N N N N 0 T T T T T T T T T T T

Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec

Comparison of the mean monthly precipitation over q ——————

the study period for raw regional reanalysis data to

. . 095}
basin based observations
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Example of CDF for simulated results
(September) and observations at a ;
station and CDF mapping methodology

for bias-correction S
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Methods: schematic representation of bias—correction procedures

Meithod 2: 1
ﬂ’fekaJ I ) . CDF mapping approach
simple mean/variance correction

CDF
Obs 20"
20 Sim for ‘June’, . Sim_ 20"
iR for ‘June’

Precipitation -

| Bias percentage

Mean/std Obs_20"
Mean/std Sim_20"

Time

Mean-corrected I
A Sim 21" for “June’ '

2lth

4 Mean&std -corrected
Sim 21" for ‘June’

2]“1

Sim_21™ for *June’ \

Time

.

A

Example 1  Sim 20" -
amount based s

Example 2 Sim_20™

CDF | percentile based

Obs_20%-7

.
»

0 Precipitation

o Target Sim 21"
@ Bias-corrected Sim_2
O Bias-corrected Sim_20"
«— Estimated bias

NOTE |
For each method,
One can use historic bias percentage instead of bias amount
NOTE 2
Also can consider different ways to develop CDF using
(1) the all data for the calendar month
(2) the data over the moving window (e.g., £15 days data)

lth

Precipitation




Methods: cor mapping

A

EDCDFm method -
percentile based
SP, BA e

CDFm method Sim 20th”_,“—'_‘_:_f...-
amount based e
SA. BA

Sim 21™

CDF

A

CDF

NOTE 1
For each method, One can use
historic bias percentage (BP) instead of bias amount (BA)
NOTE 2
Also can consider different ways to develop CDF using
@ B.ias-corrected S.im_2 N (1) the all data for the calendar month
O Bias-corrected Sim_20 (2) the data over the £15 days moving window
< Estimated bias (3) the data over the £30 days moving window

>

o Target Sim_21"
1 th

\4

0 Precipitation 0 Precipitation




Basic theory

Probability concepts
PDF
CDF
CDF mapping
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Histogram

0 1 T T T T i ] 0o —/——+—+—+—+—+—1-FF= O
01 2 3 45 13 5 7 9 1 4 7101316192225
» A histogram is a graph that consists of a number of “bins", or vertical bars,

into which the sample values are sorted.

» The height of each histogram bar indicates how many of your data points fall
into that bins, relative to the total number of data values, so this kind of
chart is also called the relative frequency histogram.

» Number of bins and width

- There is no "best" number of bins, and different bins sizes can reveal different

features of the data.

> The number of bins k can be assigned directly or can be calculated from a suggested
bins width h as:

. *k: bins (=width)
k _ Xmax Xmin Xmax: The maximum value
o /7 Xmin: The minimum value
h: Number of Interval




Histogram

» The histogram graphically shows various properties of your data, including
the location, scale, and shape, helping you visually identify an underlying
probability distribution:
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*Ref: mathwave (www.mathwave.com)




PDF (Probability Density Function)

» For a continuous function, the probability density function (PDF) is the

probability that the variate has the value x.

» Since for continuous distributions the probability at a single point is

zero, this is often expressed in terms of an integral between two points.

Lb f(x)ax = Pla < x < b}

FProbahility Density Function

0.3

» The Probability Density Function

0.25

graph displays the theoretical PDF of 02 \\
the fitted distribution (or several = 018
0.1
distributions) and the histogram of 005}/
your sample data: S 7 T . ;

X

= Gumbel = Narmal

*Ref: mathwave (www.mathwave.com)




CDF (Cumulative Distribution Function)

» The cumulative distribution function (CDF) is the probability that the variate takes on a
value less than or equal to x:

F(x)=P{X < x}

»  This can be expressed as: A Jf X DRV
F(X) — ) Zz‘z—oo [
*DRV: discrete random variable X : .
CRV: continuous random variable \J‘_OO f([)df it X CRV

»  The Cumulative Distribution Function graph displays the theoretical CDF of the fitted
distributions and the empirical CDF based on your sample data.

»  While the PDF graph mainly shows the shape of your data, the CDF graph is useful to
actually determine how well the distributions fit to data:

» The empirical CDF graph also depends on the number of bins chosen. As you increase
this number, the ECDF curve gets smoother:

Cumulative Distribution Function Cumulative Distribution Function

— ECOF = Gumbel — ECDF = Normal




Practice using sample data

» Climate data at Jinju station, Gyeongsangnam-do, South Korea
- Daily precipitation, daily mean temperrature
+ Summer (6, 7, 8&), Winter (12, 1, 2&)

Precipitation (mm) Temperature (°C)

Year
2011 1,225.5 91.1 24.3 0.2
2012 734.8 112.3 24.7 0.0
2013 510.5 105.5 25.4 0.8
2014 910.5 34.6 23.2 1.6
1,400 30
12255 B P_Summer
1,200 P_Winter 24.3 24.7 24
1,000 232
’ 910.5 20
800 - 734.8 15 =&—T_Summer
600 - 510.5 T_Winter
10
400
5 16
0.2 0.0 0.8
2011 2012 2013 2014 =

NN =




Histogram

» ex) maximum Precipitation: 94.5mm/day, minimum: 0.0

» bin:
94.5-0.0
K = =9.45
10
Precipitation_Summer
9.5 67 20 -
18.9 10 o |
284 3
a- 50 -
37.8 3 c
0
S 40
473 3 s
56.7 3 = os0
66.2 0 20
75.6 0 i
82l 1 g .-!-T- —
945 2 95 189 284 378 473 567 662 756 851 945
Interval (width)




Histogram

80 - 90
Precipitation_Summer Precipitation_Winter
70 - 80
60 - 70
60
> 50 - >
2 =
< S 50 -
=] 40 - -
o S 40 -
S £~
[V 30 - [V
30
20 - 20 |
10 - 10 |
0 - ‘ ‘ : : — 0 - : —— ; ; . ‘
95 189 284 378 473 567 662 756 851 945 105 21 315 42 525 63 735 84 945 105
Interval (width) Interval (width)
18 25 - .
Temperature_Summer Temperature_Winter
16
14 20 1
12
E T 15 -
S 10 £
g_ -
o 8 g
w @ 10 -
6
4 5
2
0 o HE -
181 191 201 212 222 232 242 252 263 273 283 37 20 -03 15 32 49 66 83 101 118 135
Interval (width) Interval (width)

- .
N

*Sample data in Jinju station from 2014



PDF (Probability Density Function)

» function excel
> Precipitation: [LOGNorm.dist(x, mean, stdev, O or false)]
- Temperature: [Norm.dist(x, mean, stdev, O or false)]

Std Precipitation_Summer
_ ev
o2 70 B Histogram
95 0.02064
> 50
18.9 0.01852 o - 002
Q
284 0.01309 §- 40
< - 0.01
37.8 0.00728 % 30
473 0.00319 20
- 0.01
56.7 0.00110 10
66.2 0.00030
0 : 0.00
75.6 0.00006 95 189 284 37.8 47.3 56.7 66.2 756 851 945
85.1 0.00001 Interval (width)
H ;] e
94.5 0.00000 §@/ ;




PDF (Probability Density Function)

80 o 0.03 90 s - 0.30
Precipitation_Summer Precipitation_Winter
70 = Histogram 80 = Histogram |- 0.25
0.02
60 PDF 70 PDF
0.20
> 50 | b
g 0.02 g 0.5
@ ]
= 40 =
g g 0.10
£ ™ = .
% 30 - 0.01 e
0.05
20
- 0.01
10 0.00
0 - 0.00 -0.05
95 189 284 37.8 473 567 662 756 851 945 105 21 315 42 525 63 735 84 945 105
Interval (width) Interval (width)
18 - 0.20 25 - 0.14
Temperature_Summer
16 ) - 0.18 Temperature_Winter
I Histogram - 012
14 ——PDF - 0.16 20 mmm Histogram
0.14 ——PDF - 010
12
> -
0.12
£ 19 g - 008
S 0.10 s
g s ' g
o - 0.08 & 10 [ 006
6
- 0.06 - 0.04
4 - 0.04 5
- 0.02
2 - 0.02
0 - 0.00 0 - 0.00
181 191 20.1 212 222 232 242 252 263 273 283 -37 20 -03 15 32 49 66 83 101 118 135
Interval (width) Interval (width)

*Sample data in Jinju station from 2014 N




CDF (Cumulative Distribution Function)

» function excel
> Precipitation: [LOGNorm.dist(x, mean, stdev, 1 or true)]
> Temperature: [Norm.dist(x, mean, stdev, 1 or true)]

0.8
95 0.4908
189 0.6794 06 .
28.4 0.8302 =
(¥
37.8 0.9257 04
473 0.9734
0.2 - —CDF
56.7 0.9923 Precipitation_Summer
66.2 0.9982 00 - : - ' ‘ !
0 20 40 60 80 100
756 0.9997
85.1 0.9999

1.0000




Example of CDFs of observed precipitation and Raw and
bias-corrected model outputs

09 | "_-' Gobs
= CCSM_curr
0.8 - - CCSM_ﬁlI
——BC_CCSM_curr
01 I l '
77777777 BC_CCSM_fut ( Og"Sca ed X'aX|S)
0.6 | |
1 —
;E) os Gobs Jiig ) ’/‘
0.9 1 CCSM_curr ;
s
04 | - - -COSM_fut et ’
0.8 - -7
03 | ——BC_CCSM_curr LLem
0.7 4 =——t-- BC_CCSM_fut PRt
02 At | A=l = === T ] ]
‘ 0.6
0.1 it
0
0.00 5.00 0}

0.000001 0.00001 0.0001 0.001 0.01 0.1 1 10 100
daily prec. (mmv/day)




Example of CDFs of observed temperature and
Raw model outputs

Gobs I T
09 - —CCSM_curr
---CCSM_fut v |
0.8 1 ——HadCM3_curr /
07 1 T HadCM3 _fut ,

50




CDF mapping for Bias-correction

» To remove biases in

- Mean and STDEV of daily Tmax and Tmin at each spatio-temporal
scale

» Reproduce
- Distribution of daily Tmax and Tmin (CDF)
- Spatial structure of mean Tmax and Tmin (map)

obs

For current sim., Xc : x. = CDF;; (CDFsim_c(xc))
For future sim., Xs :  x ' = {xc_min < Xg < Xe max | CDF, 5y (CDFsimc(xs))}
X' = {Xemax < % | X5 + (CDEh (CDFyim, (Xemar)) = Xeomax )}

xsf - {xs < Xe min | Xs + (CDFG_bls (CDFSimC(xc_min)) - xc_min)} 1

g I} ‘x“‘ﬁ
&\@( Lo o
== APCC




Schematic....
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Raw and bias-corrected results for A grid
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Low and high extreme
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Averaged monthly precip. (x100mm)

Averaged monthly precip. (x100mm)

Effect of bias—correction
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Effect of bias—correction: Transition probability
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Effect of bias—correction: spatial variability
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Effect of bias—correction

1000 50 _
Raw MMs <
correlationimprovem - ——— Bias corrected MMs 40 E
’_\/ ===== 0bs E
100 — | = 30 £
——eemee- £
~ | 20 o
= 1 variance improvement °
510 I | \" “ -‘—" 10 s
‘ r'\‘\ i s " E
o " i o . e - - — Stdv. of monthly precipitation n
- P % . Mer” e % - £250 - 0
@ »7 . T * o c
Y14 I : RN g
d . mean improvement LT -Emo
Y - i -ty .
= SRR . £ 150
v - a, - "/ N ‘ o
0.1 ~-¥ i g £ 100
-.=- meanerror (BC)  =—=---- variance errot (B(} z
correlation error (BC) mean error (Raw) E 50
s o variance_error_(Raw) _ _ co_rrelat_ion er_ror(Baw)_ 5 Mean monthly precipitation
Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec
Contributions of mean error (dash-dot line), Comparison of mean monthly precipitation and
variance error (dash line), and correlation error standard deviation of monthly precipitation over
(solid line) to overall MSE for raw (darker lines) the study period by month for raw model
and bias-corrected (Ilﬂhter lines) daily results, bias-corrected results, and point
precipitation by month. observations.

(Hwang and Graham, 2011)
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Messages to take home

Statistical downscaling
Matters to be attended....

» Why downscale?... Overdoing downscaling?

» Specify the study objectives

o

For mean values, the simpler statistical downscaling methods perform comparably to the
more sophisticated methods

For extreme values, the more sophisticated methods (e.g., quantile mapping) are needed

— the more sophisticated the method, the smaller the future change projected for the
warmest extreme temperatures in the U.S.

o

» Select technique
> The more sophisticated, the better?

» What to evaluate
downscaling purpose vs. downscaled results

» How to evaluate

o

Evaluations may vary by applying different observations, resolutions, index, matrix, etc.
°a dan?er of getting the right result for the wrong reason by tuning the wrong end of the

mode R P
== APCC




Messages to take home

|dea e  Future climate information
 Probablistic approach with statistically downscaled results
=> Stochastic concept
. Quantifying unc(e::lrtai ty of processes => credible impact assessment
e

Downscaling... Ad value?

« Once we have more regional detail, what difference does it make in any given
impacts assessment?

e What is the added value?
« Do we have more confidence in the more detailed results?

Issues

»  GCM boundary conditions are a main source of uncertainty for most
downscaling techniques

» Different downscaling methods can yield different scenarios even when forced
with the same GCM

»  Ability to downscale the current climate does not guarantee accuracy about
downscaling the future

Inter-comparison of statistical downscaling techniques!
Comparison of statistical & dynamical downscaling (e.g., CORDEX)
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Supplemental materials

Risk! Matters to be attended to...

» Difference among the results using each methods

» Uncertainty of Bias—correction in climate change

Impact assessment




Bias—correction (BC) Methodology

» 4 Future Bias Correction methods

1. Correct using historic bias amount corresponding the ‘magnitude’ of future predic
tion (CDFm, Wood et al)

2.  Correct using historic bias amount corresponding the ‘Percentile’ of future predict
ion (EDCDFm, Li et al., 2010)

3.  Correct using historic bias percentage corresponding the ‘magnitude’ of future pr
ediction (CDFm_%bias)

4. Correct using historic bias percentage corresponding the ‘Percentile’ of future pre
diction (EDCDFm_%bias)

» 3 methods for CDF development

1. Monthly CDF (=~30data)
2. CDF for moving window (+ 30 days, 61data)
3. CDF for moving window (+ 15 days, 31data)

combination of methodologies!




4 Future Bias Correction methods

1. Correct using historic bias amount corresponding the ‘magnitude’ of future prediction (CDFm, Wood et al)

2. Correct using historic bias amount corresponding the ‘Percentile’ of future prediction (EDCDFm, Li et al.,
2010)

3. Correct using historic bias percentage corresponding the ‘magnitude’ of future prediction (CDFm_%bias)

4. Correct using historic bias percentage corresponding the ‘Percentile’ of future prediction (EDCDFm_%bias)
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4 Future Bias Correction methods

1. Correct using historic bias amount corresponding the ‘magnitude’ of future prediction (CDFm, Wood et al)

2. Correct using historic bias amount corresponding the ‘Percentile’ of future prediction (EDCDFm, Li et al.,
2010)

3. Correct using historic bias percentage corresponding the ‘magnitude’ of future prediction (CDFm_%bias)

4. Correct using historic bias percentage corresponding the ‘Percentile’ of future prediction (EDCDFm_%bias)
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4 Future Bias Correction methods

1. Correct using historic bias amount corresponding the ‘magnitude’ of future prediction (CDFm, Wood et al)

2. Correct using historic bias amount corresponding the ‘Percentile’ of future prediction (EDCDFm, Li et al.,
2010)

3. Correct using historic bias percentage corresponding the ‘magnitude’ of future prediction (CDFm_%bias)

4. Correct using historic bias percentage corresponding the ‘Percentile’ of future prediction (EDCDFm_%bias)

Example 1 Sim_future
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4 Future Bias Correction methods

1. Correct using historic bias amount corresponding the ‘magnitude’ of future prediction (CDFm, Wood et al)

2. Correct using historic bias amount corresponding the ‘Percentile’ of future prediction (EDCDFm, Li et al.,
2010)

3. Correct using historic bias percentage corresponding the ‘magnitude’ of future prediction (CDFm_%bias)

4. Correct using historic bias percentage corresponding the ‘Percentile’ of future prediction (EDCDFm_%bias)
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Comparison 1
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Comparison 2
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